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Accurate forecasting in pneumonia cases is crucial for healthcare providers 
to effectively allocate resources and plan for patient care. This quantitative 
study employs a non-reactive approach, employing time series analysis 
through the autoregressive integrated moving average (ARIMA) Box- 
Jenkins method on secondary data. Monthly data simulations spanning 1, 3, 
and 6 months were conducted, divided into two groups: initialization data 
from 2016-2019 and actual data from 2020. The goal was to assess the 
forecasting accuracy using the Box-Jenkins method for pneumonia cases at 
Kamonji Public Health Center, Palu. The 1-monthly data simulation, with 
48-time series as initialization data, yielded an appropriate forecasting 
model, ARIMA (1,1,1), predicting 289,166 pneumonia patients. However, 
the 3-monthly and 6-monthly simulations did not yield suitable forecasting 
models. In conclusion, none of the data simulations accurately predicted the 
number of pneumonia cases, often overestimating compared to actual data. 
Recommendations include using data spanning more than five years to 
enhance accuracy. For stakeholders, forecasting analysis in pneumonia cases 
aids in predicting cases, identifying risk factors, understanding prognosis, 
and tailoring treatment plans. Data-driven models empower healthcare 
providers to make informed decisions and optimize patient care. Accurate 
pneumonia forecasting remains essential in efficient healthcare resource 
allocation and planning. 
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1. INTRODUCTION 


Pneumonia is an acute infection or inflammation in the lung tissue caused by various microorganisms, 
such as bacteria, viruses, parasites, and others. Pneumonia can affect anyone, for instance children, adolescents, 
young adults, and the elderly. However, it is more vulnerable at the age of toddlers and the elderly. The 
incidence of pneumonia is more common in developing countries [1]-[3]. The infection makes it difficult for a 
child to supply oxygen into the respiratory tract due to pus and fluid, causing tightness in the child [4]-[6]. 
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Pneumonia is one of the largest single infectious causes of death in children under five. The World 
Health Organization (WHO) estimates that the mortality of children under five due to pneumonia worldwide is 
15%, and more than two million children are killed by pneumonia [6], [7]. 

According to UNICEF, in 2018, the mortality rate of pneumonia was more than 800,000 children 
under five in the world or 39 children per second die. The highest order of under-five deaths due to pneumonia 
in other countries includes Nigeria, as many as 162,000, India, 127,000, and Pakistan 58,000. Meanwhile, 
Indonesia is ranked sixth, with 19,000 children estimated to have died from pneumonia. Global estimates show 
that in one hour, there are 71 children in Indonesia catch pneumonia [8], [9]. 

Based on the reporting data of the acute respiratory infections (ISPA) Sub-Directorate in 2018, the 
incidence (per 1,000 toddlers) in Indonesia was 20.06%, almost the same as the previous year, which was 
20.56%. One of the efforts to control pneumonia is to increase the discovery of pneumonia in children under 
five. The national estimate of pneumonia cases is 3.55% but estimates of pneumonia cases in each province use 
different numbers according to what has been determined [7], [9], [10]. The coverage of pneumonia among 
children under five in Indonesia was 20-30% from 2010 to 2014. Starting from 2015 to 2020, there was an 
increase in coverage due to changes in case estimates. The coverage of pneumonia discovery in 2016 was 
65.3%, decreased in 2017 to 51.2%, and in 2018 increased to 56.5%. In 2019 it amounted to 52.9%, but in 2020 
it decreased to 34.8% [1], [9], [10]. 

According to data from the Central Sulawesi Provincial Health Office in 2019, the coverage of the 
discovery of under-five pneumonia was very low in 2012. Still, year by year, it continued to increase and 
peaked in 2015 but starting from 2016, it decreased. In 2016, it was 67.9% and continued to decline until 2020 
at 37.2%. Based on reports from the Public Health Office in Palu, Pneumonia incidence rate has fluctuated 
every year in the last three years. In 2018 there were 1,781 pneumonia cases. In 2019, there was a significant 
decrease to 643 cases, and in 2020 there was an increase to 703 cases. From the data from the Public Health 
Office in Palu, the health center with the most pneumonia cases was Kamonji Health Center, with a prevalence 
of pneumonia in 2018 at 317 cases, and 2019 experienced a significant decrease of 145 cases and decreased in 
2020 to 92 pneumonia cases [10]-[14]. 

Factors that cause pneumonia in children include low birth weight, insufficient exclusive 
breastfeeding, malnutrition, vitamin A deficiency, and exposure to air (cigarette smoke). Males are more likely 
to be affected by pneumonia because the diameter of the respiratory tract in males is smaller than in females, or 
there is a difference in endurance between boys and girls [11], [15], [16]. Low birth weight children are more 
susceptible to infection due to incomplete formation of immune substances [11], [17]-[19]. 

The impact of pneumonia on children is death and disability, but the prevention of pneumonia has not 
yet received attention [14], [20], [21]. A child's future development is greatly influenced by what happens to 
them during their toddler years. If the child is more susceptible to disease, it can cause death. Most are caused 
by pneumonia, diarrhea, malaria, measles, and malnutrition [22]—[24]. One of the efforts to reduce morbidity 
and mortality rates due to pneumonia in children under five is determined by the success of early discovery and 
management of pneumonia among children under five at health centers [11], [22], [24]. 

The forecasting method is an activity that aims to estimate an event in the future and is a tool to plan 
effectively and efficiently [25], [26]. Forecasting activities can be used on problems that exist in society, 
including one of them, namely health problems. The time series forecasting method is used to determine the 
development of an event and can be used to make forecasts based on trend lines or regression [27]-[29]. Based 
on time series forecasting is a future value that is a mathematical function of past values, and the function model 
is based on the time series itself without being influenced by external variables [27]. 

The Box-Jenkins method or commonly referred to as the autoregressive integrated moving average 
(ARIMA) method, is one of the time series quantitative forecasting methods that aims to forecast the value of a 
variable in the future based on the past value of the variable without thinking about why there is an increase in 
certain values of the variable taken [27], [30], [31]. If the variable Yi is assumed to be a series of observations, ti 
is a time variable that moves from the past to the future in the same direction. Hence, series of data consisting of 
Yi above and a time function from ti is called a time series [32]-[34]. When combined into Yi, a series of data 
or variables that depend on a time, then Yi can be called a periodic series. 

The Box-Jenkins method is a popular model used for time series forecasting. It is an autoregressive 
integrated moving average (ARIMA) model that focuses on the dependent variable and ignores the 
independent variable. The ARIMA model is known for its accuracy in short-term forecasting, but its 
accuracy decreases for long-term forecasting. This is because the ARIMA model tends to produce flat 
forecasts for longer periods [27], [32], [35]. The ARIMA Box-Jenkins method has been used by Widiastuti 
[36] to show the results of forecasting accuracy on the number of Diabetes Mellitus patients at Dr Soetomo 
Surabaya General Hospital based on data from 2001 to 2005. In his research, he used initialization data and 
actual data for 1-monthly, 2-month, 3-monthly, and 4-month data as his time series to do this forecasting. 
Therefore, the researcher investigated the ARIMA Box-Jenkins forecasting method using initialization data 
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and actual data of one month, three months, and six months as a periodic series to determine the accuracy of 
the number of pneumonia patients. 

There are several purposes for people doing time series analysis. First, to study the patterns of 
information presented by time sequence by making mathematical demonstrations; second, to perform 
forecasting to anticipate future events [37]. In terms of health and medicine, forecasting is generally used to 
predict the number of disease cases in the next few years and as a tool to develop a policy and make good 
decisions. 

Based on the result of study entitled the application of the Box-Jenkins ARIMA method to forecast 
dengue fever cases in East Java Province, the forecasting results are adequate and feasible to use. In another 
study entitled the application of the Box-Jenkins method to predict the number of cases of acute respiratory 
infections at the Arifin Achmad Hospital, Riau Province, Indonesia. The forecasting results are predicted to be 
stable compared to the previous year, so the researcher sees the conclusion from the case example above that 
actual or current data compare the importance of forecasting accuracy. 

Based on the background, this study was conducted because previous researchers only conducted 
initialization data for four months and rarely conducted research to determine the accuracy of forecasting results 
with the Box-Jenkins method. The researcher is interested in investigating the accuracy of forecasting results of 
Box-Jenkins method time series analysis on the number of pneumonia patients at Kamonji Public Health 
Center. 


2. RESEARCH METHOD 

This research is quantitative research with a non-reactive or unobstructive approach. Non-reactive 
research is research that does not require a response from the subject under study, and there is no interaction 
between the researcher and the research subject. The data used in the study were secondary. Pneumonia disease 
data from 2016 to 2020 were recorded at the public health center. The ethical permission was obtained by 
researchers from the Institutional Review Board at Universitas Tadulako. No. 0121052. This study was 
conducted at the Kamonji public health center in October 2021. The population in this study was seen in the 
number of people with pneumonia disease from 2016-2020 at Kamonji public health center. The samples in this 
study were reports of pneumonia patients at the Kamonji public health center from 2016-2020. The data 
analysis used the Time Series Analysis Box- Jenkins Method. The Time Series Analysis Box- Jenkins Method 
has applied for different time frames in order to decide accuracy based on dataset. Estimation parameters based 
on possible ARIMA model were checked and evaluated as data analysis procedure to find the best forecasting 
model. However, only forecasting with the Box-Jenkins method on a 1-monthly time series totaling 48 data 
obtained a suitable model. 


3. RESULTS AND DISCUSSION 
3.1. Simulation of the 1-monthly time series data from 2016 to 2020 

Table 1 is 1-monthly time series data from January 2016 to December 2020 from the medical records 
of Kamonji health center, divided into two data groups. The first group of initialization data was from January 
2016 to December 2019 as many as 48 data were used to obtain the best forecasting model. In the second data 
group, as actual data was from January-December 2020, as many as 12 data were used as validation data. 


Table 1. The 1-monthly time series data from 2016 to 2020 


Initialization data Actual data 
Month Year Year Year “Year Year 
2016 2017 2018 2019 2020 
January 18 33 32 11 4 
February 11 26 30 53 4 
March 10 33 37 51 14 
April 23 27 43 19 5 
May 21 38 24 11 3 
June 20 24 21 7 4 
July 18 23 34 6 23 
August 70 51 21 9 20 
September 88 25 19 25 16 
October 72 18 T T 8 
November 107 13 22 42 5 
December 78 25 27 15 4 
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3.1.1. Model Identification for the 1-monthly data plot 

The first stage of model identification for 1-monthly data plot involves viewing data plots using 
Minitab software and obtaining the 1-monthly Pneumonia data time series plot. This process allows researchers 
to visualize the data and identify any patterns or trends that may be present. By using Minitab software, 
researchers can easily generate plots and graphs to analyze the data. This stage shown in Figure 1: 
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Figure 1. Time series plot of 1-monthly pneumonia data 


The time series plot indicates that the plot is not stationary because there are still fluctuations in the 
data that tend to go up and down, or the data is not constant over time. Data not stationary in variance can be 
known from the Box-Cox transformation table in the Minitab software, which has a rounded value in the 
lambda box (A), not 1 but 0, which is shown in appendix I. Data transformation is carried out in Minitab 
software to make the stationary data in variance until the data has obtained a rounded value of 1 in the Box-Cox 
Transformation table shown in appendix II thus the data is said to be stationary in variance. Figure 2 shows that 
the data is stationary in variance and mean. The data plot pattern is constant. The data differencing process is 
carried out once to make the data stationary in the mean, and the time series plot is obtained as follows: 
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Figure 2. Time series plot of 1-monthly pneumonia data (stationary) 
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The second stage is by estimating the ARIMA model Through ACF Plot and PACF Plot using Minitab 
software. The ACF (Autocorrelation Function) plot is used to identify the MA (Moving Average) component of 
the ARIMA model, while the PACF (Partial Autocorrelation Function) plot is used to identify the AR 
(Autoregressive) component. The Figure 3 shows 1 lag out of bounds or cut off, shown in the first lag out of 
bounds, showing the basic form of the MA (1) model. The estimated possible base ARIMA model is (0,0,1). 
The Figure 4 shows that the PACF value that goes out of bounds or cut off is 1 lag, shown in the first lag out of 
bounds, so it shows the basic form of the AR (1) model. The basic ARIMA model estimate that is possible is 
(1,0,0). With the differencing process, the order d=1 refers to the previous identification to make the data 
stationary. Then the temporary ARIMA model that is thought to fulfill is ARIMA (1,1,1) (1,1,0) (0,1,1) and 
(0,1,0). 
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Figure 3. ACF plot of 1-monthly pneumonia data 
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Figure 4. PACF plot of 1-monthly pneumonia data 
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3.1.2. Parameter estimation for the 1-monthly data plot 

In parameter estimation, the autoregressive (AR) and moving average (MA) were checked and 
evaluated based on data plot. The result of parameter estimation of ARIMA (1,1,1) confirms that significant 
result with obtained the p-value of AR 1 is 0.014. Additional, the parameter estimates of the ARIMA model 
(0,1,1) model also show the p-value of MA 1 is 0.001. 


3.1.3. Diagnostic checking test using white noise assumption test 

The white noise model represents the nature of noise in 1-monthly data plot for pneumonia patients. 
The results of the ARIMA (1,1,1), (1,1,0), (0,1,1) have p-values above 0.05. Therefore. It can be included the 
errors that occur have followed the white noise process. After estimating the parameters of each model, the best 
model can be selected from all possible models by looking at standard measures of forecasting accuracy. 

Based on Table 2, the selected model is the model that has the lowest prediction error rate, which is 
reflected in the small MS value. Thus, the best model is the ARIMA (1,1,1) model, which has the smallest MS 
value of 0.368368 compared to other ARIMA models. In Table 2, the forecasting results for the ARIMA (1,1,1) 
model are obtained. 


Table 2. The ARIMA model table with MS value 
Model MS 
ARIMA (1,1,1) 0.368368 
ARIMA (1,1,0) 0.407214 
ARIMA (0,1,1) 0.391081 


3.1.4. Accuracy of forecasting amount 

Table 3 compares forecasting results for each month. This time series can be done for monthly 
forecasting because the forecast results are obtained monthly. Meanwhile, forecasting for 1 year can also be 
done; the results obtained are the number of forecasts =289,166. In contrast, the actual amount =110, thus the 
accuracy of the forecasting amount does not occur in this 1-monthly data simulation because the difference 
between the results of the amount of forecasting and the actual amount of data is very large, namely 179,166 or 
has a very low accuracy value. 


Table 3. The 1-monthly time series forecasting results 
Months Forecasting Actual 


January 19.0056 4 
February 21.4857 4 
March 23.0212 14 
April 23.9719 5 
May 24.5606 3 
June 24.9250 4 
July 25.1507 23 
August 25.2904 20 
September 25.3769 16 
October 25.4304 8 
November 25.4636 3 
December 25.4841 4 
Total 289.166 110 


Generally, forecasting with the Box-Jenkins method on a 1-monthly time series totaling 48 data 
obtained a suitable model for initialization data, namely ARIMA (1,1,1) (1,1,0) (0,1,1) and (0,1,0). Before the 
ARIMA model is known, the data is not stationary in both variance and mean. Obtaining data that is stationary 
in variance is done in Minitab software which can be seen in the Box-Cox Transformation table. After being 
stationary in variance, the differencing process is carried out 1 time to obtain stationary data in the mean. Based 
on the general ARIMA (p, d, q) model, the value of order p is the value of the AR component coefficient. The 
value of p is 1, which is obtained from the time lag value that comes out of the limit or cut off at time lag 1 
through the calculation of PACF or partial autocorrelation function. The value of d is the differencing process 
which is done once. The q value is the value of the MA component coefficient. The value of p is 1 obtained 
from the time lag that comes out of the limit or cut off at time lag 1 through the calculation of ACF or 
Autocorrelation function. After obtaining a suitable and feasible model, namely ARIMA (1,1,1), the number of 
forecasting results was obtained 289,166, which means that the number of forecasting results is not correct 
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when compared to the actual data in 2020, which amounted to 110 because it produces a high number of 
forecasts compared to the number of pneumonia patients in 2020. One of the factors causing the decline in the 
number of people with pneumonia in 2020 was the COVID-19 phenomenon, so the lack of people visiting the 
Kamonji public health center. The 1-monthlyly simulation data is the most feasible to use for forecasting 
because the data has a real value and not the amount of data compared to the 3-monthly and 6-monthly data 
simulations. This study focuses on forecasting dengue hemorrhagic fever cases using the ARIMA model in the 
Asahan district. The ARIMA model is a widely used time series forecasting method that can be applied to 
various fields, including epidemiology [38]. Related studies in asian and western context also shows that 1- 
montly data simulation is suitable for forecasting methods [33], [34], [39]-[42]. 

For 3-monthly time series data with 16 group as initialization data, No ARIMA model is suitable and 
feasible for forecasting even though the 3-monthly data has followed the ARIMA requirements, namely 
stationary in variance and mean. However, it does not show the limited results to determine the basic AR and 
MA models seen in the ACF and PACF tables. Therefore, it cannot determine the appropriate model. 

In addition, The Box-Jenkins forecasting method uses 6-monthly time series data with a total of 2 data 
as the initialization data. However, it does not get the appropriate ARIMA model because the time series used 
does not follow the ARIMA requirements, namely stationary in variance and mean. However, the 6-monthly 
data is stationary in variance. Still, when the differencing process is carried out to determine whether the 6- 
monthly data is stationary in the mean, it turns out that the 6-monthly data is not stationary because it has a data 
plot that is not constant. So, the time series data for this 6-monthly data is not feasible to find the ARIMA 
model, and in the end, the 6-monthly time series data cannot be forecast. 


4. CONCLUSION 

Overall, the forecasting results of the Box-Jenkins method time series analysis on the number of 
pneumonia patients at Kamonji public health center confirm that only forecasting with the Box-Jenkins method 
on a |-monthly time series totaling 48 data obtained a suitable model. The 1-monthly Pneumonia data time 
series plot as presented in Figure | allows researchers to visualize the data and identify any patterns or trends in 
predicting case numbers, identifying risk factors, understanding prognosis, and developing personalized 
treatment plans of pneumonia patients. For future research, we also recommend other health care or researchers 
are expected to master the steps performed in the Box-Jenkins method of time series analysis and must be able 
to pay attention to the graph in the time series data plot. It also can be used as consideration for further research 
using a longer time series. The results of this study are expected to provide example how to utilize the Box- 
Jenkins method time series analysis and to give the input to the Kamonji public health center in Palu City if the 
data in the future experiences an increase in pneumonia patients so that they can take an anticipatory attitude 
and make decisions. 


ACKNOWLEDGEMENTS 

The study has been made possible by collaboration from the Directorate General of Higher Education 
(DIKTI), Tadulako University, Indonesia, the University of Szeged, Universitas Islam Negeri Alauddin 
Makassar, Universitas Negeri Makassar. We also thank the Rector of Tadulako University for assisting this 
research collaboration program. 


REFERENCES 

[1] Y. S. Sutanto, P. F. Kristianti, D. N. Makhabah, F. Raharjo, A. R. Setijadi, and S. Suradi, “The validity of Indonesian Society of 
Respirology (ISR) version of COPD screening questionnaire,” in Clinical Problems COPD, Sep. 2017, p. PA3628, doi: 
10.1183/1393003.congress-2017.PA3628. 

[2] J. Y. Choi, S. Milne, F. Yunus, C. K. Rhee, and K. Matsunaga, “Current Chronic obstructive pulmonary disease treatment status 
in Asia: A position statement of the asian pacific society of respirology,” Tuberculosis and Respiratory Diseases, vol. 85, no. 3, 
pp. 279-282, Jul. 2022, doi: 10.4046/trd.2022.0020. 

[3] S. Park, J. Y. Park, Y. Song, S. H. How, and K. Jung, “Emerging respiratory infections threatening public health in the Asia- 
Pacific region: A position paper of the Asian Pacific Society of Respirology,” Respirology, vol. 24, no. 6, pp. 590-597, Jun. 2019, 
doi: 10.1111/resp.13558. 

[4] WHO, Pocket Book of Hospital Care for Children: Guidelines for the Management of Common Childhood Illnesses. World 
Health Organization, 2013. 

[5] C. &A. H. & A. child health and development, guidelines review committee, maternal, newborn, Management of the Child with a 
Serious Infection or Severe Malnutrition. Guidelines for Care at the First-Referral Level in Developing Countries, vol. 49, no. 5. 
WHO/UNICFF, 2000. 

[6] D. A. McAllister et al., “Global, regional, and national estimates of pneumonia morbidity and mortality in children younger than 5 
years between 2000 and 2015: a systematic analysis,” The Lancet Global Health, vol. 7, no. 1, pp. e47-e57, Jan. 2019, doi: 
10.1016/S2214-109X(18)30408-X. 

[7] C. Titaley, I. Ariawan, D. Hapsari, A. Mu’asyaroh, & M. Dibley, “Determinants of the stunting of children under two years old in 
indonesia: a multilevel analysis of the 2013 indonesia basic health survey,” Nutrients, vol. 11, no. 5, p. 1106, 2019, doi: 


The accuracy of forecasting results of the Box-Jenkins method for time series ... (Sitti Radhiah) 


1760 O ISSN: 2252-8806 


10.3390/nu1 1051106. 

[8] World Health Organization, Global action plan for prevention and control of pneumonia  (GAPP), 
World Health Organizatio, no. (No. WHO/FCH/CAH/NCH/09.04). 2009. 

[9] WHO, “Pneumonia Fact Sheet”, WHO Media Centre, no. October. 2016. 

[10] G. Prabhakara, “Health statistics (Health information system),” in Short Textbook of Preventive and Social Medicine, Jaypee 
Brothers Medical Publishers (P) Ltd., 2010, pp. 28-28. 

[11] C. Calfee et al., “Cigarette smoke exposure and the acute respiratory distress syndrome,” Critical Care Medicine, vol. 43, no. 9, p. 
1790-1797, 2015, doi: 0.1097/ccm.000000000000 1089. 

[12] A. Cornejo-Tapia et al., “Incidence of respiratory viruses in peruvian children with acute respiratory infections”, Journal of 
Medical Virology, vol. 87, no. 6, p. 917-924, 2015, doi: https://doi.org/10.1002/jmv.24159. 

[13] W. Y. Mapandin, “Stunting status of new children enter elementary school between urban and rural areas in Jayapura city, 
Papua,” Indian Journal of Public Health Research and Development, vol. 10, no. 10, pp. 1482-1486, 2019, doi: 10.5958/0976- 
5506.2019.03046.8. 

[14] G. Birgand et al., “Variation of national and international guidelines on respiratory protection for health care professionals during 
the covid-19 pandemic,” Jama Network Open, vol. 4, no. 8, p. e2119257, 2021, doi: 10.1001/jamanetworkopen.2021.19257 

[15] T. K. P. Nguyen, T. H. Tran, C. L. Roberts, G. J. Fox, S. M. Graham, and B. J. Marais, “Risk factors for child pneumonia - focus 
on the Western Pacific Region,” Paediatric Respiratory Reviews, vol. 21, pp. 95-101, Jan. 2017, doi: 10.1016/j.prrv.2016.07.002. 

[16] J. S. Ngocho et al., “Modifiable risk factors for community-acquired pneumonia in children under 5 years of age in resource-poor 
settings: a case-control study,” Tropical Medicine & International Health, vol. 24, no. 4, pp. 484-492, Apr. 2019, doi: 
10.111 1/tmi.13211. 

[17] P. Manzoni et al., “Bovine lactoferrin prevents invasive fungal infections in very low birth weight infants: a randomized 
controlled trial,” Pediatrics, vol. 129, no. 1, pp. 116-123, Jan. 2012, doi: 10.1542/peds.2011-0279. 

[18] C. T. D’Angio, “Active immunization of premature and low birth-weight infants,” Pediatric Drugs, vol. 9, no. 1, pp. 17-32, 2007, 
doi: 10.2165/00148581-200709010-00003. 

[19] M. W. Kai, M. B. Tomayahu, Syamsidar, and R. Anggraini, “The relationship of low birth weight with acute respiratory infection 
(ARD on toddlers in Telaga health care clinic of Gorontalo District,” in Surabaya International Health Conference 
“Empoweringg Community for Health Status Improvement,” 2019, pp. 1-9. 

[20] WHO/UNICEF, Pneumonia: the forgotten killer of children. WHO/UNICEF, 2006. 

[21] K. Mortimer, S. B. Gordon, S. K. Jindal, R. A. Accinelli, J. Balmes, and W. J. Martin, “Household Air pollution is a major avoidable 
risk factor for cardiorespiratory disease,” Chest, vol. 142, no. 5, pp. 1308-1315, Nov. 2012, doi: 10.1378/chest.12-1596. 

[22] E. Vernberg, E. Hambrick, B. Cho, and M. Hendrickson, “Positive psychology and disaster mental health: strategies for working 
with children and adolescents,” Journal of Clinical Psychology, vol. 72, no. 12, p. 1333-1347, 2016, doi: 10.1002/jclp.22289 

[23] G. R. Patterson, B. D. DeBaryshe, and E. Ramsey, A developmental perspective on antisocial behavior. Routledge, 2018. 

[24] S. Holt, H. Buckley, and S. Whelan, “The impact of exposure to domestic violence on children and young people: A review of the 
literature,” Child Abuse & Neglect, vol. 32, no. 8, pp. 797-810, Aug. 2008, doi: 10.1016/j.chiabu.2008.02.004. 

[25] R. J. Hyndman and G. Athanasopoulos, Forecasting: Principles and Practice. 3rd edition, OTexts: Melbourne, Australia, 2018. 

[26] Y. Cho and T. Daim, “Technology forecasting methods,” Green Energy and Technology, vol. 60, pp. 67—112, 2013, doi: 
10.1007/978-1-4471-5097-8_4. 

[27] H. Shang and S. Haberman, “Forecasting multiple functional time series in a group structure: an application to mortality,” Astin 
Bulletin, vol. 50, no. 2, p. 357-379, 2020, doi: 10.1017/asb.2020.3. 

[28] Y. Bin Ng and B. Fernando, “Forecasting Future action sequences with attention: a new approach to weakly supervised action 
forecasting,” IEEE Transactions on Image Processing, vol. 29, pp. 8880-8891, 2020, doi: 10.1109/TIP.2020.3021497. 

[29] B. Schwegmann, M. Matzner, and C. Janiesch, “A method and tool for predictive event-driven process analytics,” in 
Wirtschaftsinformatik, 2013, no. March, pp. 721-735. 

[30] P. Newbold, “The Principles of the Box-Jenkins Approach,” Journal of the Operational Research Society, vol. 26, no. 2, 
pp. 397-412, Jul. 1975, doi: 10.1057/jors. 1975.88. 

[31] U. Helfenstein, “Box-Jenkins modelling in medical research,” Statistical Methods in Medical Research, vol. 5, no. 1, pp. 3-22, 
Mar. 1996, doi: 10.1177/096228029600500102. 

[32] P. Dunn, M. Carey, M. Linden, A. Richardson, and C. McDonald, “Introductory statistics textbooks and the gaise 
recommendations,” The American Statistician, vol. 71, no. 4, p. 326-335, 2017, doi: 10.1080/00031305.2016.1251972. 

[33] S. P. Humaira, I. Nursuprianah, and D. Darwan, “Forecasting of the number of schizophrenia disorder by using the box-jenkins of 
time series analysis,” Journal of Robotics and Control (JRC), vol. 1, no. 6, pp. 213—219, 2020, doi: 10.18196/jrc.1640. 

[34] N. Ersen, I. Akyuz, and B. Ç. Bayram, “The forecasting of the exports and imports of paper and paper products of Turkey using 
Box-Jenkins method,” Eurasian Journal of Forest Science, vol. 7, no. 1, pp. 54—65, 2019, doi: 10.31195/ejejfs.502397. 

[35] G. Zhang et al., “Improving daily occupancy forecasting accuracy for hotels based on eemd-arima model,” Tourism Economics, 
vol. 23, no. 7, p. 1496-1514, 2017, doi: 10.1177/13548 16617706852. 

[36] N. H. Widiastuti, M. Adriani, and R. B. Wirjadmadi, “Screening of nutritional status based on mini nutritional assessment short- 
form (MNA-SF) among elderly,” Indian Journal of Public Health Research & Development, vol. 10, no. 10, p. 730, 2019, doi: 
10.5958/0976-5506.2019.02901.2. 

[37] F. Siregar, T. Makmur, and S. Saprin, “Forecasting dengue hemorrhagic fever cases using arima model: a case study in asahan 
district,” IOP Conference Series: Materials Science and Engineering, vol. 300, 2018, p. 012032, doi: 10.1088/1757- 
899x/300/1/012032. 

[38] E.R. Ziegel and H. M. Wadsworth, “Handbook of statistical methods for engineers and scientists,” Technometrics, vol. 41, no. 1, 
p. 83, Feb. 1999, doi: 10.2307/1271015. 

[39] M. Y. Shang et al., “Influential factors and prediction model of mammographic density among Chinese women,” Medicine, vol. 
100, no. 28, p. e26586, Jul. 2021, doi: 10.1097/MD.0000000000026586. 

[40] M. Hu, X. Shu, G. Yu, X. Wu, M. Välimäki, and H. Feng, “A risk prediction model based on machine learning for cognitive 
impairment among chinese community-dwelling elderly people with normal cognition: development and validation study,” 
Journal of Medical Internet Research, vol. 23, no. 2, p. e20298, Feb. 2021, doi: 10.2196/20298. 

[41] H.-S. Dang, Y.-F. Huang, C.-N. Wang, and T.-M.-T. Nguyen, “An Application of the short-term forecasting with limited data in 
the healthcare traveling industry,” Sustainability, vol. 8, no. 10, p. 1037, Oct. 2016, doi: 10.3390/su8 101037. 

[42] R. C. Das, “Forecasting incidences of COVID-19 using Box-Jenkins method for the period July 12-Septembert 11, 2020: A study 
on highly affected countries,” Chaos, Solitons & Fractals, vol. 140, p. 110248, Nov. 2020, doi: 10.1016/j.chaos.2020.110248. 


Int J Public Health Sci, Vol. 12, No. 4, December 2023: 1753-1762 


Int J Public Health Sci ISSN: 2252-8806 øO 1761 
BIOGRAPHIES OF AUTHORS 


Sitti Radhiah © É:4 BS § is a lector on Tadulako University Palu,Indonesia in Departement 
Of Biostatistics, Family Planning and Population. She is a lecturer in the field of public health 
that focuses to improving public health status through research and community service. She is 
interested in exploring determinants of public health problems and disease. She can be 
contacted at email: radhiah @untad.ac.id. 


Muhammad Miftach Fakhri © EJ I> is lecture from Universitas Negeri Makassar, 
Indonesia in Department of Informatics and Computer Engineering. His research interests are 
mainly focused on the vocational education, education psychology, and e-learning in high 
schools and university context. He is a writer and editor of journal in Indonesian. He can be 
contacted at email: fakhri@unm.ac.id. 


Muhammad Ibrahim © EJ I> is a bachelor of public health on Universitas Tadulako, 
Palu, Indonesia. in Department Of Biostatistics, Family Planning and Population. as a new 
bachelor in the field of public health, he wants to continue to contribute to improving public 
health. He likes to learn new technology application in public health. He can be contacted at 
email: baimmhmd.094 @ gmail.com. 


Rosidah (© EJ BS © is an associate professor on Universitas Negeri Makassar, Indonesia. in 
Department Of mathematics. She is a lecturer in the field of mathematics education that 
contributes to improving her skill through research in mathematich as a tool to prediction 
phenomena. She is interested in statistics and mathematics education. She can be contacted at 
email: rosidah @unm.ac.id. 


Della Fadhilatunisa © EJ I> is an assistant professor on Universitas Islam Negeri 
Alauddin Makassar, Indonesia. in Departemen of accounting. She is a lecturer working in the 
field of accounting that contributes to improving her skill through research in econometrics as 
tools of prediction. She is also interested in taxation and public accounting. She can be 
contacted at email: della.fadhilatunisa @uin-alauddin.ac.id. 


The accuracy of forecasting results of the Box-Jenkins method for time series ... (Sitti Radhiah) 


1762 O ISSN: 2252-8806 


Fitria Arifiyanti © ki 1> is a Ph.D. Candidate from the Doctoral school of education, 
University of Szeged, Hungary. Her research interests are health education, educational 
psychology, and multiple representations in high schools and university contexts. She is an 
expert in quantitative analysis using forecasting method and Rasch analysis. She is a writer 
and reviewer in well-known scientific journals indexed by Scopus and Web of Science. He can 
be contacted at email: fitria.arifiyanti@edu.u-szeged.hu. 


Soeharto © &:4 E © is a Ph.D. Candidate from the Doctoral school of education, University 
of Szeged, Hungary. His research interests are health education, science education, educational 
psychology, and inductive reasoning skills in high schools and university contexts. He is an 
expert in quantitative analysis using forecasting method, structural equation modeling (SEM) 
and Rasch analysis. He is a writer and reviewer in well-known scientific journals indexed by 
Scopus and Web of Science. He can be contacted at email: soeharto.soeharto@edu.u- 
szeged.hu. 


Vidiyanto © EJ BS © is a lector on Tadulako University Palu, Indonesia. in Departemen of 
Health Policy Administration. He is a lecturer working in the field of public health that 
contributes to improving public health status through research and community service in 
public health. He is also interested in exploring determinants of public health problems and 
disease. He can be contacted at email: vidyanto @ untad.ac.id. 


Int J Public Health Sci, Vol. 12, No. 4, December 2023: 1753-1762 


